Nitrogen fertilization is challenging for sugarcane (Saccharum spp.) producers due to its complex interaction with the crop and soil. Th us, the main goal of this study was to develop a feasible approach to guide variable-rate N application in sugarcane based on canopy sensor readings. Th is study was conducted for 5 yr. Several plot and strip N-rate experiments were conducted under a wide range of crop conditions in Brazil and evaluated with the Crop Circle active canopy sensor (Holland Scientifi c Inc.). Because of variability in crop density and growth development within sugarcane fi elds, the use of an N-rich reference area to estimate the crop response to N application was compromised. Biomass was the main crop parameter infl uencing canopy sensor readings, allowing yield estimation because biomass typically results in stalk yield. Th us, canopy sensor readings can effi ciently predict relative sugarcane yield when working with data that are normalized to the mean for the fi eld. Hence, an algorithm that takes into account this relationship was established. Th e concept of this algorithm is to apply higher N fertilization rates where the sugarcane yield potential is higher. Such an approach was determined to be useful to guide N application in sugarcane fi elds. Nevertheless, fi eld validation is needed to confi rm this N management strategy. Besides, more information about sugarcane biomass variability within fi elds may be required to increase algorithm effi ciency.
Nitrogen fertilization is challenging for agricultural crops due to the complex dynamics of this element in the soil, which makes it diffi cult to predict its availability to plants throughout their growth cycle. Moreover, soil analyses are not a reliable source of information regarding the seasonal N availability under tropical conditions. For sugarcane, N application is even more challenging because yield mapping is not an established practice. As a result, N fertilization on sugarcane fi elds invariably involves uniform rates.
Sugarcane is a semi-perennial crop. It is planted once and then harvested about fi ve successive cropping years. Th e fi rst harvest (plant cane) is frequently not responsive to N fertilization (Dametie and Fantaye, 2009; Franco et al., 2011; Loft on et al., 2012a) . However, successive harvests (stubble cane) tend to show a response to N fertilizer (Prado and Pancelli, 2008; Dametie and Fantaye, 2009; Rosseto et al., 2010) . Growers and researchers working on sugarcane-producing fi elds typically observe variable N responses (Amaral and Molin, 2014) . Such inconsistent results can be attributed to organic matter mineralization (Gava et al., 2005) , endophytic N 2 fi xation (Boddey et al., 2003) , the application of other N-containing inputs, and recovery of N from deep within soil profi les.
For all these reasons, the prescribed N rates for sugarcane are generally derived from calibration experiments. Srivastava and Suarez (1992) affi rmed that the recommended N rate for sugarcane production around the world varies between 45 and 300 kg N ha -1 . Sugarcane is produced primarily under rainfed conditions in Brazil. Nitrogen recommendations vary from 60 to 140 kg N ha -1 , depending on the average yield expected for a given fi eld situation as stated by many Brazilian research institutions. However, this recommendation approach does not take into account the variability in sugarcane N demand within fi elds, which is a function of biomass accumulation, soil-N availability, climatic conditions, and agricultural practices.
To improve sugarcane N fertilization, the use of ground-based active crop canopy refl ectance sensors (termed canopy sensors) has been proposed (Singh et al., 2006) . Although this concept has been effi ciently used to guide N application for maize (Zea mays L.) (Scharf and Lory, 2009; Holland and Schepers, 2010; Kitchen et al., 2010; Schmidt et al., 2011; Solie et al., 2012) , wheat (Triticum aestivum L.) (Mullen et al., 2003; Raun et al., 2005; Solie et al., 2012) , and other crops like cotton (Gossypium hirsutum L.) (Vellidis et al., 2011) and rice (Oryza sativa L.) (Xue et al., 2014) , there is a lack of results for sugarcane. Published studies with sugarcane indicate that canopy sensor data correlate quite well with sugarcane yield and show sensitivity to varying rates of N fertilizer Molin, 2011, 2014; Lofton et al., 2012a Lofton et al., , 2012b . However, these studies did not develop a methodology to guide variable-rate N applications. Accordingly, we summarize the findings obtained during 5 yr of research that had as the main goal to define a specific N-fertilization algorithm for sugarcane based on canopy sensor data.
Materials and Methods field sites and experiments
Field sites were located within a 60-km radius in the centraleastern part of Sao Paulo state, Brazil (21°21¢ S, 48°4¢ W). Eighteen trials were performed between 2009 and 2013 (Table  1) . Both plot and strip experiments with different N rates (treatments) were installed at most sites. The fertilizer was applied to the ratoon as NH 4 NO 3 (31-0-0) along the rows, on the straw, immediately after harvest, in the same manner and with the same timing used in production fields. The experiments used randomized complete blocks with four replications.
The plots in corners of production fields ( Fig. 1 ) consisted of six sugarcane rows 15 m long and spaced 1.5 m apart with varying N rates (Table 1) . At most of the sites, a strip experiment was installed in the remainder of the field. The strips comprised uniform N rates in larger areas to account for spatial variability. In Fields 1 to 6, the strips traversed the entire length of the fields with nine sugarcane rows; Fields 7 to 10, 17, and 18 involved 18-row strips with differing lengths (Table 1) .
Trials 1 to 10 and 17 and 18 were established in sugarcaneproducing fields, where the only change in management was to avoid the application of any other source of N, like cane vinasse, during the studied crop cycle. Trials 11 to 16 were established at research stations with careful control of the experimental procedures. These trials received the treatments (N rates) starting from the planting date (plant cane) instead of only in the evaluated season (ratoons). As such, Fields 11 to 13 received the same N treatments for two crop cycles while Fields 14 to 16 received it for three crop cycles. This might cause greater differences among the N rates than in the producing fields due to no application of any organic residues to the soil since the planting date (e.g., cane vinasse and cane filter cake) as well as the residual effect of the previous N applications.
canopy sensor readings
A Crop Circle ACS-470 active sensor (Holland Scientific Inc.) was carried by hand or mounted on a high-vertical-clearance vehicle (Uniport 3000 NPK, Máquinas Agrícolas Jacto). Canopy reflectance was recorded in the red edge (730 nm) and near infrared (NIR, 760 nm) wavelengths and processed by calculating the normalized difference red edge index [NDRE = (NIR -red edge reflectance)/(NIR + red edge reflectance); Barnes et al., 2000] . The NDRE index was selected because several previous sugarcane studies showed it to be less influenced by canopy and substrate color and it is a more efficient predictor of sugarcane biomass than the normalized difference vegetation index (NDVI), which uses red band reflectance from the same sensor (Amaral et al., 2015; Taubinger et al., 2012) . Moreover, the NDRE index has provided more promising results for Amaral and Molin (2014) . The sensor was positioned approximately 0.8 m above the crop canopy, and data were collected individually for each row at 1 Hz, regardless of the way in which the sensor was supported or positioned. In strip experiments, the rate of travel was ?4.4 m s -1 , while in the plot experiments the speed was ?0.5 m s -1 .
The plots were harvested without prior burning, and the stalk yield values were obtained individually for each plot. Fields 1 to 6, 8, and 10 were mechanically harvested and weighed using a truck equipped with load cells; Fields 7 and 11 to 16 were manually harvested and weighed by a load cell installed in a modified sugarcane loader.
data analysis
Plot experiment data were analyzed separately across fields using an analysis of variation (ANOVA) with a mixed model in which N rate was considered to be the fixed effect and block the random effect. A least significant difference (LSD) test was performed on data from fields where the ANOVA identified a response to N rates (p < 0.05).
The coefficient of variation of the canopy sensor readings across plots from Fields 9 to 16 was calculated and related to the average NDRE index from the same plots to show their relationship, which may be related to crop density (Tubaña et al., 2008) .
Canopy sensor readings from strip experiments that received differing fixed N rates (Fields 1 to 6) were analyzed similar to the plot experiments. The strip experiments that received a high N rate (200 kg N ha -1 ), called N-rich strip (Fields 7-10 and 17 and 18), and strips that did not receive N, used as the control (zero-N strips), were analyzed comparing the standard deviation of the canopy sensor readings across strips and replications. This analysis was performed to evaluate if sugarcane variability could be altered by N application and to compare the average canopy sensor values across strips.
The correlation between absolute yield and NDRE index within treatments was performed across plot experiments to evaluate the efficiency of the canopy sensor in predicting sugarcane yield in different crop situations. Furthermore, both yield and the NDRE index were normalized using the average values for each field to allow the relationship to be evaluated for the entire data set.
The normalized yield and NDRE data were submitted to regression analysis. The models tested were linear, exponential, power, sigmoidal, and logarithmic (data not shown). The model chosen was the one that showed the highest adjusted coefficient of determination (r 2 ) and the lowest residual standard deviation (RSD).
Both data sets were submitted to leave-one-out crossvalidation to identify outliers and improve the model's predictability. Data were considered to be outliers when the differences between the measured and predicted values were larger than three times the RMSE of the estimated value (RMSEP) (Chang et al., 2001) . Using this criterion, eight samples were removed from the biomass (7.1% of the data) and three from the normalized yield (4.2% of the data) data sets.
Normalized yields predicted using canopy sensor readings were evaluated using the one-field-out cross-validation procedure, as proposed by Christy (2008) . This procedure omits data from a given field and uses the remaining samples to predict the sample values from the omitted field. The process was repeated until all fields had been left out and predicted. Because of the differences in the number of treatments across fields, the RMSEP and the real normalized yield standard deviation (SD real ) across fields were averaged. These two variables were used to calculate, the ratio of percent deviation (RPD = SD real / RMSEP) (Viscarra Rossel et al., 2006) . Christy (2008) pointed out that with the one-field-out crossvalidation, the model excludes the benefit of local samples that tend to be indicative of what happens in the field. Although the resulting model is unique to a given sugarcane data set, it is useful to predict the normalized yield in a variety of sugarcaneproducing situations in a region.
Microsoft Excel was used to process all data from this research. Statistical analyses were performed using the SISVAR statistical software (Federal University of Lavras; Ferreira, 2011) , and the data were plotted using Sigma Plot software (SPSS Inc.).
results and discussion sugarcane response to nitrogen fertilization
Sugarcane is a semi-perennial crop, and for that reason ratoon damage is cumulative during successive harvests (crop seasons), increasing the skips within rows (Fig. 2) across crop seasons, which can overshadow the crop N response. In addition, because sugarcane presents a highly variable response to N fertilization, N availability is hardly identified as the main factor limiting sugarcane development. This implies that the highest N rate frequently does not achieve the highest yield (Table 2) , with only Field 14 presenting a significant N response (p < 0.05). These findings are in contrast to the observations of Rosseto et al. (2010) working on 15 experimental sites in the same Brazilian state (São Paulo), where 14 of the 15 fields showed a response to N. These contradictory results can be explained by the agricultural practices in previous seasons and/or during the studied season as well as the climatic conditions throughout the crop cycle. It stands to reason that sugarcane production practices like massive applications of 100 m 3 ha -1 of cane vinasse, which contains ?0.3 kg of N and ?19 kg of organic matter for each cubic meter, may reduce the demand for N. However, the N responsiveness of sugarcane can also be the result of other growth-limiting factors.
The results of strip experiments confirm the assertion that a lack of uniformity in the crop canopy can be a problem when sensing the crop. Intrinsic variability in crop density and vigor (Fig. 2) can be a greater source of variation than the N rates (Fig. 3) . Among the six trials with four N rates applied (Fields 1-6), only Field 6 showed a response to fertilizer N rates (Fig.  3f ). This field may have shown the greatest N response due to its soil type (Haplustalf , Table 1 ), which has a deeper root zone and tends to accumulate more water that consequently increases crop vigor and soil nutrient utilization. Another explanation for the unique response of Field 6 is the wellestablished ratoon, resulting in a relatively homogeneous crop density. This last fact is demonstrated by the smallest standard deviation of the sensor readings (Fig. 3) .
Variability in sugarcane N response highlights why it is important to make N recommendations based on methods that account for multiple causes of crop variability. To this end, one may argue that the fixed N rate application should reduce crop variability. However, the standard deviation of the readings (Fig. 3) was not affected by N fertilization. This result indicates the potential for redistributing N applications according to crop biomass variability.
The concept behind applying N based on canopy sensor data goes back to the relationship between crop biomass and crop N status, which involves canopy chlorophyll (Schepers et al., 1992) . However, the canopy sensor performs differently for sugarcane. Amaral and Molin (2014) observed that field-scale sensor readings (CropCircle ACS-210, which uses the amber wavelength, 590 nm) were poorly correlated with N (r 2 ? 0.22) and chlorophyll status (r 2 ? 0.29) at the leaf level. This is because sugarcane stands are frequently very irregular in both crop vigor and crop density, which also may result in bare soil within the sensor footprint. Thus, active crop canopy reflectance sensors that are commercially available largely characterize sugarcane biomass variation, 326 † The N rates were variable across fields and they were coded from the highest N rate (100%); the applied N rates were: Fields 1 to 6 received 0, 50, 100, 150, and 200 kg N ha -1 ; Fields 7 and 8 received 0, 60, 120, 180, and 240 kg N ha -1 ; Fields 9 and 10 received 0, 60, 120, and 180 kg N ha -1 ; and Fields 11 to 16 received 0, 50, 100, and 150 kg N ha -1 . ‡ Different letters indicate a significant difference among N rates according to LSD test results (p < 0.05).
which is mainly attributed to crop density, as found by Amaral et al. (2015) .
When there is no vegetation in the sensor's field of view when traversing across frequent crop skips within rows, canopy sensor values tend to decrease the average NDRE value communicated by the sensor at 1 Hz. Consequently, the lower the mean NDRE in a plot, the higher the coefficient of variation (Table 3) , even in plots that showed a significant response to N measured by the sensor (e.g., Fields 11-16, Table 4 ). The general magnitude of NDRE values differed across fields due to differences in crop development (Table 4) , but the trend for the relationship between the NDRE index and the coefficient of variation was similar. These are further evidence that canopy sensor readings (NDRE) are dominated by the intense crop density variability while greenness, which is associated with chlorophyll status, is of lesser importance. Therefore, the ability of active crop canopy reflectance sensors to identify sugarcane N status is limited other than through enhanced crop vigor, which is directly linked to biomass accumulation and crop density.
The N supply to sugarcane is influenced by soil properties that are difficult to quantify within fields (Franco et al., 2011) . Even the adoption of reference areas that receive an adequate amount of N, as proposed by Raun et al. (2002) , can be problematic when it comes to quantifying sugarcane N response; depending on the place where reference areas were established, the crop N response can vary significantly (Fig.   4) . For example, growers may infer that a crop did or did not respond to N application depending on the replication chosen to be analyzed (a pair of adjacent strips); such inconsistent response was found on Fields 7, 10, and 18 (Fig. 4) . Thus, working with canopy sensors to measure the N response is difficult due to crop density variation within rows and fields. As such, other factors can easily mask the N effects, like ratoon damage, soil compaction, pest attacks, etc. Zillmann et al. (2006) reported a similar problem when testing an N algorithm applied to maize. According to them, depending on the testing location, the estimation of a crop response to N could be over-or underestimated. Field variability is also problematic for other approaches to calibrating a crop canopy sensor, such as the ramp calibration strip or the calibration plot (Shaver et al., 2011a) methods. With either of these approaches, allocating a reference area within a field requires knowledge about field variability, not only related to the soil, as done by Bausch and Brodahl (2012) , but also related to the sugarcane density variation. Further, plant variability (density) can be altered from one crop season to another due to random ratoon damage during harvesting, as found by Magalhães et al. (2014) . One could argue that sensed data could provide information for yield variability for the current year as well as the next year, but additional variability could be introduced for the next year by further ratoon damage at harvest during the previous year. As such, plant density reduction from one year to the next makes yield monitoring an unreliable source of information when it comes to evaluating sugarcane response to N fertilizer applications. Thus, early-season remote sensing for biomass based on fast processing of satellite images would be an option, aside from the challenge in obtaining good images during the rainy season, as well as aerial images from airplanes or drones. Sugarcane producers have not commonly used these tools yet.
The virtual reference approach proposed by Holland and Schepers (2013) can be used to characterize situations with good plant vigor and respectable plant density because the entire data set from a field strip is used to identify the ideal situation. Unfortunately, lower than ideal NDRE values can be due to missing plants or plants that could be N deficient. As such, the N-rate algorithm proposed by Holland and Schepers (2010) is not appropriate for sugarcane. In the case of maize where plant density is quite uniform, areas with lower NDRE values would typically receive more N fertilizer, but for sugarcane lower NDRE values should appropriately receive less N fertilizer because of reduced plant density and lower yield potential. Table 2 shows that higher N rates applied to sugarcane do not necessarily relate to higher yields.
nitrogen fertilization algorithm for sugarcane
Because the approaches presented in the literature are not suitable to sugarcane, we propose a simple but meaningful approach to guide N application based on canopy sensor readings. The reasoning is based on the positive relationship between canopy sensor readings and sugarcane stalk yields, as stated by Lofton et al. (2012b) and Amaral and Molin (2014) . This relationship is possible because crop biomass (mostly stalk yield) can be measured efficiently by canopy sensors (Amaral et al., 2015) .
relationship between Yield and canopy sensor readings
Across 16 plot experiments, 11 of them showed a significant relationship between canopy sensor readings and yield (p < 0.1, Table 5 ). The lack of a meaningful (Fields 7-10 and 15) or weak relationship (Fields 3 and 16) can be attributed to two main .001 † The N rates were relative to the highest N rate (100%). Fields 1 to 6 received 0, 50, 100, 150, and 200 kg N ha -1 ; Fields 7 and 8 received 0, 60, 120, 180, and 240 kg N ha -1 ; Fields 9 and 10 received 0, 60, 120, and 180 kg N ha -1 ; and Fields 11 to 16 received 0, 50, 100, and 150 kg N ha -1 .
‡ Readings followed by the same letter in a row (N rates) are significantly different by LSD test at the 0.05 level. reasons: experimental errors and the time between sensing and harvest, as follows: 1. Field experimentation in sugarcane is a challenge for many reasons, such as ratoon variability, the influence of multiple factors, unresponsiveness of the crop, and many others. Among them, the harvest is probably the most practical limiting problem because there is no yield monitoring system able to provide reliable data in such small areas. Moreover, modifying standard harvesting procedures adopted by growers is problematic when working in production fields, which was the case for Fields 1 to 10. This fact explains why the RSD tended to be higher in those fields than in Fields 11 to 16, which were on experimental stations. 2. There is a period of about 180 to 300 d between crop sensing and harvest. This period is a function of the date of the previous harvest, climatic conditions during the growing season, and the sugarcane cultivar. This extended time could be why the biomass estimated by the sensor was not significantly correlated to stalk yield in some cases. For example, sensor data (Fig. 4) depicted differences in NDRE values across N rates for 13 of the 16 fields, while at harvest only Field 14 showed an N response (Table 2) . These distinct results may be explained by the ability of sugarcane to obtain N from other sources than fertilizer during the growing season (e.g., organic matter mineralization, endophytic N 2 fixation, and N recovery from deep within soil profiles; Franco et al., 2011) . Despite these two limitations, the N response trend (magnitude of values) was maintained when comparing the harvest data and the canopy sensor readings (Tables 2 and 4 , respectively). It demonstrates that canopy sensors can be a useful tool for estimating sugarcane N response, as stated by Molin (2011, 2014) and Lofton et al. (2012a) .
Although the correlation between yield and canopy sensor readings showed fairly similar results (Table 5) , their absolute values varied greatly across fields (Tables 2 and 4) due to different crop conditions, such as cultivar and soil type, which impairs their use in a yield estimation algorithm. Thus, many researchers have been proposing different alternatives to normalize data to eliminate such effects in the N response estimation. Varvel et al. (1997) proposed the sufficiency index calculation that takes as a reference a portion of the field where a full N rate has been applied. In contrast, Raun et al. (2002) worked with a modification (inverse) of this index, the response index (RI). Shaver et al. (2011b) modeled the RI within N rates to create an equation to predict N fertilization response for maize. However, regardless of the indices, reference areas are needed and, as mentioned above, this approach is not readily adaptable to sugarcane production fields.
Another option to normalize data is the in-season yield estimator (INSEY), proposed initially by Lukina et al. (2001) . This approach assumes that the vegetation index obtained by the canopy sensor divided by the growing degree days accumulated at sensing time is an estimator of the growth rate of the crop. Lofton et al. (2012b) used the INSEY approach to estimate sugarcane yield and found better results than using the NDVI alone. However, in Brazilian sugarcane production regions, the temperature is not the main climatic factor limiting biomass production; water availability is much more important. Thus, one would not expect INSEY to provide better results (data not shown). Also, predicting a maximum yield, as proposed by Lukina et al. (2001) in wheat and Raun et al. (2005) in maize, is unreliable for sugarcane, mainly due to climatic conditions within the growing season. An alternative to data normalization may be yield normalization based on the average yield for a given field. This procedure resulted in a fairly good relationship between multifield yield data and canopy sensor readings (r 2 = 0.687, Fig. 5 ). Using the one-field-out cross-validation, this calibration procedure provided a RPD of 1.72 (Fig. 6 ) that, according to Viscarra Rossel et al. (2006) , provides a moderately good model that may be used for assessment and correlation. Thus, sugarcane yield estimation can be accomplished by canopy sensor readings, although more yield data may be integrated to the model to improve its robustness and reliability.
Algorithm Parameter Definition
The algorithm proposed here is based on the main assumption that the greater the sugarcane biomass, the lower the effects of other plant-growth-limiting factors will be, while the greater biomass should reflect larger crop N demands to produce higher yields. This concept makes sense because sugarcane is a semi-perennial crop susceptible to ratoon damage and the accumulation of growth-limiting factors across crop seasons. For these reasons, N or any other nutrient availability is not the main problem limiting crop development, as found by Cerri and Magalhães (2012) . Thus, the larger the sugarcane yield prediction, the larger would be the N rate recommended by the algorithm.
Yield estimation
To obtain a reliable normalized-yield estimation (Eq. [1], extracted from Fig. 5 ) by this approach, it is necessary to establish an average NDRE value for specific fields to be fertilized (Eq. where Yield % is the normalized yield estimated by the canopy sensor readings according to Fig. 5 and NDRE % is the normalized NDRE obtained by the canopy sensor:
where NDRE read is the canopy sensor reading and NDRE avg is the average NDRE value estimated for the field.
Average NDRE values can be obtained in several ways. The whole field could be first scanned by the canopy sensor to calculate the average NDRE. This approach might be interesting for allowing the data analysis and prescription map preparation. However, it is impractical for growers because it requires additional traffic in the field and the on-the-go application benefits would be sacrificed.
An alternative that facilitates on-the-go application would be to average NDRE values dynamically while fertilizing, as proposed by Holland and Schepers (2013) in maize fields. Using this approach, the NDRE would be recalculated at every 60 s or less while the vehicle is traveling and applying N fertilizer throughout the field. However, because of high variability in sugarcane fields, this approach might not be suitable. An onthe-fly changing algorithm seems like it would introduce even greater variability through continual adjustments. The algorithm would probably take a long distance to adjust itself, thus prescribing the wrong N rates for major portions of the field.
Thus, a compromise between those two approaches seems to be a feasible alternative on sugarcane fields. As such, a few vehicle passes through a field should be adequate to generate a reasonable sample of the sugarcane biomass variability, from which the average NDRE index can be calculated. Perhaps scanning 10 to 20% of the field would be reasonable. In this case, the passes must be directed to identify the most contrasting field regions.
Once the normalized yield is estimated from canopy sensor readings (Eq. [1]), it can then be converted to an absolute stalk yield. This can be performed by multiplying the normalized yield by the average yield estimation for a specific field:
where Yield est is the yield estimated (Mg ha -1 ) for each canopy sensor reading, Yield % is the normalized yield estimated by the canopy sensor readings according to Eq. [1] , and Yield abs is the average yield estimated by the grower (Mg ha -1 ). Based on a previous season's yield, soil type, and climatic conditions throughout the growing season, growers are able to efficiently estimate an average yield for a given situation (agricultural practices, cultivar, and ratoon damage). Sandhu et al. (2012) , working in plot experiments without any other previous information, identified that a subjective visual growth rating was efficient in predicting sugarcane yield, with the relationship (r 2 ) ranging from 0.53 (at early growth stage) to 0.88 (at mid growth stage). Thus, considering the information available about the previous crop cycle as mentioned above, it should be reasonable to achieve an uncertainty <20%. Several studies have noted more rigorous models to predict yield (Abdel-Rahman and Ahmed, 2008) .
nitrogen as a function of Yield
The approach proposed here aims to supply N to sugarcane by reallocating from regions with "weaker" plants to areas with "stronger" plants but adopting a minimum amount to ensure adequate sugarcane development. Dametie and Fantaye (2009) summarized sugarcane N uptake results in different countries and by various investigators and indicated that the average requirement for stubble cane is 1.5 kg N Mg -1 of stalk yield. In Hawaii, van Dillewijn (1952) found that the stubble cane needs 1.3 kg N Mg -1 . Rakkiyappan et al. (2007) obtained N uptake varying from 0.88 to 1.47 kg N Mg -1 . Compiling several works and technical recommendations in Brazil and linearizing the N rate levels, the prevailing recommendation was 1.0 to 1.4 kg N Mg -1 of stalk yield. However, growers could alter this constant following their experience, thoughts, and consultants' recommendations.
discounting nitrogen uptake
The canopy sensor should be used when the sugarcane stem height is between 0.4 to 0.7 m to achieve measurement sensitivity to sugarcane vigor variability (Portz et al., 2012; Amaral and Molin, 2014) . Thus, at this sensing time (?December-January), sugarcane has accumulated about 10 to 30% of its total biomass and 27 to 68% of its total N, depending on cultivar, soil, climatic conditions, and the period when the crop was previously harvested (information extracted from Oliveira, 2011) .
Crop N uptake before N fertilization can be supplied from different sources, such as organic matter mineralization and endophytic bacterial N 2 fixation associated with sugarcane roots (Boddey et al., 2003; Gava et al., 2005; Franco et al., 2011; Schultz et al., 2012) as well as from any input applied to the field containing N, like cane vinasse and organic compost. Split N fertilization would be an alternative to avoid a possible N deficiency until the time of canopy sensor measurement, but this is not a common or desired practice for sugarcane growers because of the extra cost of another operation.
Thus, the most feasible approach would be to subtract the N already taken up by the crop at the time of sensing from the total N needing to be applied based on yield estimation. 
where N app is the N rate (kg ha -1 ) recommended for each canopy sensor reading, NDRE read is the canopy sensor reading, NDRE avg is the average NDRE value estimated for the field, Yield abs is the average yield estimated by the grower (Mg ha -1 ), N kt is the amount of N to be applied for each megagram of stalks yielded (kg N Mg -1 ), and N upt is the N accumulated in the plants at the time of canopy sensing (%). For N kt and N upt , reasonable values are 1.3 kg N Mg -1 and 30%, respectively, but with the possibility of adjustment by the user.
further discussion of findings
The approach proposed here guides higher N rates where the NDRE index is higher, as opposed to recommendations by Raun et al. (2005) , Holland and Schepers (2010) , and Solie et al. (2012) that are based on maize. The sugarcane approach is based on the assumption that in high NDRE locations the growth conditions are satisfactory, leading to high yields and consequently high N demand. Applying high N rates where the NDRE values are low would not make sense because this situation is typically water deficient or has other factors limiting to sugarcane yield, as well as possibly low yield potential due to ratoon damage.
There is no easy and feasible approach to estimate sugarcane N demand within the growing season because the high variability in crop density and N demand prevent the implementation of reference areas within the fields. In addition, sugarcane growers frequently do not have access to information derived from yield monitors, remote sensing imagery, and soil maps delineating apparent soil electrical conductivity (ECa), fertility, etc. As such information becomes available, its use may complement the N prescription through data fusion, that is the integration of information layers, that might come from sensors and/or field samplings.
It is important to mention that the use of reference areas within sugarcane fields cannot be disregarded because it has been stated as the main option to quantify a crop's N response. To efficiently implement this practice, a way is needed to measure the intrinsic variability related to crop density and growth development variability that usually occurs in sugarcaneproducing fields. Thus, more research is needed to validate our findings and recommendations.
conclusions
In the present study, we aimed to develop a methodology to guide variable-N-rate application on sugarcane based on canopy sensor readings. It was found that the traditional use of N-rich reference areas to measure the crop response to N fertilization is not conducive to the crop conditions tested in the present study. This is mainly due to the intrinsic variability within sugarcane fields, related mostly to crop density caused by ratoon damage within the successive harvests, that may mask the N effect. Thus, biomass is the main crop parameter influencing the canopy sensor readings. Because of this difficulty, we proposed an algorithm that takes into account the variability in each field to guide higher N rates to the areas with higher yield potential, estimated by canopy sensor readings. This approach was determined to be a useful and practical approach to guide N application in sugarcane fields. Nevertheless, field validation is needed to confirm this N management strategy. More information about sugarcane variability within fields may be obtained to better use N-rich reference areas to estimate the sugarcane response to N fertilizer and thus increase the N predictive accuracy. 
